Abstract: Backcalculation of pavement layer modulus by layered elastic analysis programs is the most common practice for pavement evaluation. These programs have limitations in computational algorithm that include assumptions such as layer properties and falling weight deflectometer (FWD) test conditions. FWD test results are affected by stress nonlinearity, layer thicknesses, temperature and other factors. So, layer moduli backcalculated by these programs are not always in agreement with laboratory measured resilient modulus. A fuzzy model has been developed using the modified learning from example (MLFE) algorithm. It backcalculates the resilient modulus of pavement layers from surface deflections and layer thicknesses. To train the system, surface deflections and pavement thicknesses have been collected during FWD tests. Layer resilient moduli have been determined by laboratory tests on samples collected from field coring. This model is validated by laboratory test data. To investigate computational accuracy, it is compared to the results of the BAKFAA software and it shows the better accuracy of the fuzzy model.
INTRODUCTION
Falling Weight Deflectometer (FWD) is one of the most commonly used non-destructive tests to evaluate pavement strength. The modulus of elasticity of pavement layers, pavement strength indicator, is determined from surface deflections due to FWD test load. Several software, namely BAKFAA, MODULUS and EVER-CALC, determine layer moduli. These software are mainly based on the layered elastic theory. However, to accurately analyze FWD data, different numerical techniques have been adapted. Comparisons of different software/algorithm have been studied in a number of researches (Ameri et al. 2009; Ji et al. 2006; Mahoney et al. 1989) . A backcalculation process involves error minimization to match analytical deflections with FWD deflections. Analysis of FWD data with conventional software is a time consuming process whenever large volume of test data needs to be processed.
A multilayered pavement structure comprises three different courses, surface, base, and subgrade. Each course has different material properties. For flexible pavement, the surface course comprises asphalt concrete that possesses viscoelasticty (Haddad 1995) . The base course which comprises granular soil shows stress hardening characteristics (Huang 2004) . On the other hand, the subgrade course with fine grained soil shows stress softening behavior (Huang 2004) . Moreover, the FWD test is a dynamic phenomenon that applies impulse of 25-30 milli seconds (Ahmed 2010) . During the determination of the laboratory resilient modulus, the load duration is not the same as the FWD test load duration. Moreover, laboratory testing has been performed on different material separately. However, in field, pavement layers respond together whenever the surface is subjected to a load. Therefore, the modulus of elasticity determination does not follow a linear relationship. Instead, it follows a nonlinear pattern.
To efficiently predict the modulus of elasticity of a pavement structure, it becomes necessary to develop a fuzzy model that can address this nonlinear problem. A number of researches have been performed to develop a fuzzy model to efficiently backcalculate the layer modulus from FWD data (Bayrak and Ceylan 2008; Göktepe et al. 2005; Gopalakrishnan and Thompson 2007) . They used artificial neural networks as a working principle behind the model. Most of these studies have used the database of finite element analysis or layered elastic analysis results to develop their model. Nonlinear finite element model or layered elas-tic model for FWD test simulation has not considered the dynamic behavior of the test load. Therefore, it is better to establish a relation between FWD test data and laboratory determined resilient moduli. Thus, the pavement strength evaluation will be more realistic. This paper focuses on the fuzzy model to backcalculate the resilient modulus of different courses of pavement from FWD test data. Nine inputs, i.e., surface deflections at seven different radial offsets and thicknesses of surface and base, have been trained to develop an automated fuzzy model that predicts the resilient modulus of pavement layers (surface, base, and subgrade). FWD test data and samples for the layer resilient modulus have been collected from airfield pavements of eight different airports. Finally, results from this model are compared to BAKFAA, backcalculation software based on layered elastic analysis principle developed by the Federal Aviation Administration (FAA) of the United States.
FWD TEST
The FWD test applies an impulse load on the pavement surface by dropping a weight on a circular plate. That circular steel plate comes to a smooth contact with surface and causes this surface to deflect. Pavement deflections are measured by seven geophones resting longitudinally on the surface. Under a load, the pavement surface deflects vertically downward forming a deflection basin. The FWD test has been carried out in accordance with the ASTM guideline (ASTM D4694 1996) .
BACKCALCULATION OF FWD DATA
The backcalculation requires inputs such as number of layers, layer thicknesses, Poisson's ratio of each layer, temperature, and the presence of rigid layer underneath the subgrade. Prior to the analysis, it also requires the layer modulus, which is assumed initially and often called the seed modulus. The surface deflections at radial offsets (geophone location) are calculated by the layered elastic principle using the seed modulus and layer geometry. These surface deflections at radial offsets form a deflection basin. The calculated deflections are then compared to the field measured deflections. This process is repeated by changing the (seed) modulus each time, until the difference between the calculated and measured deflections are within a selected tolerance or limit value. The assumptions of the backcalculation using the multilayer elasto-static analysis are (Khazanovich and Wang 2007) : (1) all layers are linear elastic; (2) all layers are infinite in the horizontal direction; and (3) the surface load is uniformly distributed over a circular area. During the static backcalculation of layer moduli, the effect of a rigid or stiff layer is significant whenever the depth is shallow (Roesset et al. 1995) . A rigid layer has no or little influence on the analysis results when the depth is more than 12 m or 39 ft. (Irwin 2002) . In FWD data analysis, the thickness of the subgrade is finite due to the presence of the rigid layer. The thickness of the subgrade can be calculated by deducting the total thickness of the surface and base from the depth to the rigid layer. The Poisson's ratio of surface, base, and subgrade are assumed to be 0.35, 0.4 and 0.5, respectively according to the guideline of the FAA advisory circular (Federal Aviation Administration 2002).
OBJECTIVES
The main objective of this study is to develop a fuzzy model to determine the resilient modulus from surface deflections as collected from FWD tests. The developed model has been compared to the laboratory test results for investigation of its predictability. Specific objectives are:
1. To perform the FWD test at pre-defined locations of different airfield pavements; 2. To perform the laboratory resilient modulus test of asphalt concrete to determine the resilient modulus of the surface course; 3. To perform the soil classification test (i.e., grain size distribution and Atterberg limit) on base and subgrade material collected from the different cores of airfield pavements; 4. To determine the California Bearing Ratio (CBR) of both base and subgrade soil from soil index values by the existing empirical relationship (The CBR value is then converted to resilient modulus by available empirical relation); 5. To develop the fuzzy model for backcalculation pavement layer (surface, base and subgrade) from FWD data (surface deflections and layer thicknesses) by the modified learning from example (MLFE) algorithm; and 6. To compare the layer resilient modulus backcalculated by the fuzzy model to the laboratory resilient modulus as well as the backcalculated modulus from BAKFAA.
A MATLAB code for MLFE is used in this study to develop this automated fuzzy model for backcalculation. The developed model is compared to BAKFAA to investigate its relative applicability to address this nonlinear and complex relation.
LABORATORY RESILIENT MODULUS

Resilient Modulus of Asphalt Concrete
Asphalt cores were tested to determine the resilient modulus using an indirect tensile resilient modulus testing apparatus from Retsina Company at Pavement Laboratory at the University of New Mexico. Some of these cores were very thin (thickness less than 3 inch). Many asphalt samples were found to have thickness less than 4 inches after extraction, although the total thickness of the surface layer was more than 6 inches. It is possible that several thin layers of asphalt were laid to get to the total thickness because of compaction limitation. These thin asphalt cores are not suitable for a cylindrical or axial test. Therefore, indirect tension modulus tests were selected for these samples (ASTM D4123 1995) . In the indirect resilient modulus test, the asphalt core sample was subjected to a repeated load of 30 lbs along its diametric axis as shown in Figure 1 .
Figure 1. Laboratory resilient modulus test
The thickness of the core was measured at four points which were 90
• apart and the average thickness was determined. All the tests were carried out at room temperature (23.2±1
• C ) and three replicate tests conducted on each sample. The repeated load and the recoverable horizontal deformation were recorded. The resilient modulus is calculated using the following formula (ASTM D4123 1995):
where M r = resilient modulus (psi), P = repeated load (lbs), δ = total recoverable horizontal deformation (inch), t = specimen thickness (inch), and υ = Poisson's ratio. The Poisson's ratio for asphalt concrete was assumed to be 0.35 (Huang 2004 ).
Resilient Modulus of Base
The base course of airfield pavement mostly comprises granular soil. The particle size distribution test has been performed to determine the index parameter of the base material. It has been carried out in accordance with ASTM D 2487-00 (ASTM D2487 2000). Based on the particle size distribution from the test, CBR is determined by the following formula (MEPDG 2008) :
where D 60 = particle size in mm for 60% passing. The CBR value of the base course is then converted to resilient modulus using the following relationship:
where M r = resilient modulus of base course (granular soil). This relationship has been developed by transportation and research laboratory (Sukumaran et al. 2002) . A number of CBR-resilient modulus empirical relationships have been proposed. These empirical relations can be applied only for certain type of soil. Some relations produce high resilient moduli that are not reasonable. Eq. (3) can be used for any kind of soil and the results obtained from this relation are reasonable.
Resilient Modulus of Subgrade
Subgrade soil from airfield pavement has been found sandy, silty or clayey in samples collected from different airports. To perform the soil classification test, ASTM D 4318-00 (ASTM D4318 2000) has been followed in addition to ASTM D 2487-00 (ASTM D2487 2000). Thus, the required parameter for CBR calculation is determined for each and every type of soils.
The following relationship has been used to determine CBR for the fine grained soil whereas Eq. (2) has been used for the coarse grained soil:
where ω = percent finer than 0.002 mm, and P I = plasticity index. The calculated CBR is then converted to the resilient modulus of the subgrade soil using Eq. (3).
FUZZY MODEL
General Development of a Fuzzy Model
The development of a fuzzy model to backcalculate the layer modulus from FWD data has been studied by several researchers (Bayrak and Ceylan 2008; Gök-tepe et al. 2005; Saltan 2002) . Most of these studies have focused on neural network. The neural network is a good means for building up the fuzzy model with back-propagation technique. However, it cannot generate membership function for existing data. MLFE is a better option to generate membership functions for data partitioning (Ross 2010) .
Generally, the development of a fuzzy model needs two different data sets, namely, training and testing. Training data sets have been used to build the model whereas testing data sets test the accuracy. Based on number of test locations for FWD and samples for laboratory test, a database has been developed. It contains surface deflections measured at seven radial offsets, thickness of surface and base course, indirect resilient modulus of asphalt concrete (surface course), and resilient modulus of base and subgrade, respectively. Thus, the database contains 304 data sets with 12 different attributes. The model has been developed by 9 inputs and 3 outputs. For training and testing, 220 data sets have been selected for training the model whereas 84 data sets have been selected as test data sets. The FWD test has been performed for three different load categories and they are 9, 12, and 16 kips, respectively. The model has not been trained for different load categories. For this reason, surface deflections due to different test loads have been normalized for a 9-kip load application.
Modified Learning from Example (MLFE)
MLFE employs Gaussian membership functions for input and Delta functions for output. The shape of the Gaussian membership function is as follows (Ross 2010) : The Delta function of the output which is a crisp value is denoted by b i . The vector θ comprises all the rule bases. MLFE starts generating rule bases to populate the vector, θ, from the training data sets. Initially, it predicts the output by the following relationship (Ross 2010) :
where R = total number of rules, and other parameters are the same as before. Accuracy of the output is then determined by the following relationship:
where m = number of data tuples, and y = predefined output. If ε is smaller than ε f , i.e., predefined tolerance, assigned θ will be rule bases. If not, it will perform next iteration assuming next data set as rule bases.
Once the rule bases are determined, the spreads of membership function have to be modified to adjust spacing. The vector of these spacing is determined as below: 
where c min j = nearest membership function center to the new membership function center .
The rule bases for this model have been developed separately for surface, base, and subgrade resilient modulus. This is because the values of the layer modulus are not of the same order. Therefore, rule bases developed for surface moduli cannot be used to accurately predict the base or subgrade resilient modulus. The database of 220 training and 84 testing data sets with 9 different inputs and 3 known outputs has been used to build the membership functions and rule bases 
MATLAB Code for MLFE
The MATLAB code to implement the MLFE algorithm has been run to generate membership functions and rule bases for surface, base, and subgrade modulus, respectively. Analysis results are summarized in Table 1 . The number of rule bases for the surface resilient modulus is greater than that for the base whereas the number of rule bases for the base modulus is greater than that for the subgrade. The surface modulus is much higher than the base modulus and thus, the variation of surface deflections causes larger variation in the surface modulus than in the base modulus. Same observations are applicable for base and subgrade moduli. Actually, these phenomena are the reasons behind the highest number of rules for the surface and the lowest number of rules for the subgrade resilient modulus determination. Once the model has been trained, it needs to be tested to investigate the predictability. Figure 2 shows an overall picture that summarizes the training and testing procedure of fuzzy model by MLFE.
ANALYSIS AND DISCUSSION
Predictability for Training Data
The fuzzy model has been trained using 220 training data sets by the MLFE algorithm. Figures 3(a) to 3(c) show the predictability of this model for the surface, base, and subgrade resilient moduli. The predictability is evaluated by comparing the resilient modulus determined from the fuzzy model to the laboratory determined modulus. Figure 3(a) shows the surface resilient modulus predictability for the training data. It is observed that the predicted modulus is in closer agreement with the laboratory resilient modulus. 
Predictability for Test Data
The predictability of the fuzzy model has been verified by the test data. Figure 4 (c) shows the predicted subgrade resilient modulus vs. the laboratory determined subgrade resilient modulus. Very few points are on the line of equality in this figure. A significant number of the predicted subgrade resilient modulus and the laboratory resilient modulus of about 16 ksi deviates by 50-70%. Therefore, for some testing data this model cannot predict the subgrade resilient modulus as good as it has done for the training data sets.
COMPARISONS OF METHODOLOGIES
The applicability of the fuzzy model is evaluated by comparing analysis results with the laboratory determined resilient modulus. The ratio of resilient modulus has been calculated for the fuzzy model and laboratory results as well as BAKFAA and laboratory results. BAKFAA has been developed using layered elastic analysis. It employs downhill multidimensional simplex minimization method for backcalculation (Press et al. 2007 ). The backcalculation process determines three output variables from a number of inputs.
The downhill multidimensional simplex minimization method determines the minimum value of a function of more than one independent variable (Press et al. 2007 ). This method minimizes error by the determination from summation of squares of differences between the FWD deflections and the deflections calculated using layered elastic analysis. BAKFAA is able to analyze a pavement structure having maximum of ten layers. For 86 test data sets, the ratio for the fuzzy model and BAKFAA has been plotted in Figure 5 . Figures 5(a) to 5(c) show the bar plots for the surface, base, and subgrade, respectively. Figure 5 (a) shows the ratio of the fuzzy model and BAKFAA to the laboratory resilient modulus for the surface course. It is observed that the ratio for BAK-FAA is far greater than that for the fuzzy model in a significant number of data samples. It is also observed that the BAKFAA ratio is much lesser than that of the fuzzy model for a number of samples. Very few samples show the closeness to each other. The fuzzy model to the laboratory resilient modulus ratio ranges from 1.0 to 1.5. So, it is closer to the laboratory result. On the other hand, the BAKFAA ratio ranges from 0.24 to 11.25. It shows a large variability. Therefore, the fuzzy model can predict the surface resilient modulus more accurately than BAKFAA.
Figure 5(b) shows the ratio of the fuzzy model and BAKFAA to the laboratory resilient modulus for the base course. Here, also a significant number of data samples show higher values for BAKFAA ratio than that of the fuzzy model. In the case of the base resilient modulus, BAKFAA ratio matches or closer to the fuzzy model ratio in many samples. In these data samples, both ratios approach to 1.0. Still, this figure shows that the fuzzy model is better capable to predict the base resilient modulus than BAKFAA. However, BAKFAA has better computing accuracy for the base course compared to the surface course.
Figure 5(c) shows the ratio of the fuzzy model and BAKFAA to the laboratory resilient modulus for the subgrade. It is observed that the fuzzy ratio is greater than the BAKFAA ratio in most of the data samples. Both ratios are closer to 1.0. From this figure it is evident that the fuzzy model over estimates the sub- 
